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Abstract: Temporal delays and spatial randomness between ground-based data and satellite overpass
involve important deviations between the empirical model output and real data; these are factors
poorly considered in the model calibration. The inorganic matter-generated turbidity in Lake Chapala
(Mexico) was taken as a study case to expose the influence of such factors. Ground-based data
from this study and historical records were used as references. We take advantage of the at-surface
reflectance from Landsat-8, sun-glint corrections, a reduced NIR-band range, and null organic matter
incidence in these wavelengths to diminish the physical phenomena-related radiometric artifacts;
leaving the spatio-temporal relationships as the principal factor inducing the model uncertainty.
Non-linear correlations were assessed to calibrate the best empirical model; none of them presented
a strong relationship (<73%), including that based on hourly delays. This last model had the best
predictability only for the summer-fall season, explaining 71% of the turbidity variation in 2016, and
59% in 2017, with RMSEs < 24%. The instantaneous turbidity maps depicted the hydrodynamic
complexity of the lake, highlighting a strong component of spatial randomness associated with
the temporal delays. Reasonably, robust empirical models will be developed if several dates and
sampling-sites are synchronized with more satellite overpasses.
Keywords: temporal delay; spatial randomness; empirical model; turbidity; Landsat-8; NIR
reflectance; subtropical zone; shallow lake; Lake Chapala
1. Introduction
The aquatic environments sustain great biodiversity and regulate a large number of physical,
chemical and biological processes around them [1–4]; their preservation in the short term would be
essential to face the strong impacts of the environmental transformation in large areas [5]. In the
context of climate change, aquatic ecosystems such as shallow lakes acquire greater relevance due to
their intrinsic fragility, but also their ability to regulate the regional climate; particularly, in the tropical
strip which is considered as an extremely vulnerable region where the climate could be drier causing
deep changes in the medium term [6].
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The understanding of aquatic ecosystems demands more spatial and temporal resolution
information; however, there are many difficulties to obtain analytical data from the water, especially
when the body water has large dimensions. In this sense, satellite data has become an important source
of information; remarkable advances in the development of satellite-based models have facilitated
the water quality measurements with high frequency. This kind of model has been developed under
two different methodologies: analytical and empirical approaches. The analytical models involve
the measurement of Inherent Optical Properties (IOPs,) and the Apparent Optical Properties satellite
reflectance measurement (AOPs), based on the Radiative Transfer Model (RTM) [7–10]. Unfortunately,
the analytical method demands the use of infrastructure and equipment which is difficult to obtain in
many cases.
Besides, the empirical models have been described as an alternative and easy method to
recognizing the water quality status based on several optical properties, exploiting their computational
simplicity; nevertheless, they have some disadvantages which should be taken into account in the final
evaluation [11]. These models are technical and practically dependent on the AOPs retrieved from the
Visible-Near Infrared spectrum (VIS-NIR); and the ground-based water measurements, together with
the in-situ optical response; therefore, there are interference factors that reduce their certainty, inducing
major complexity to the model construction. These complications have been partially overcome
since the early studies in the 80s, using the optical response of several or specific sections of the
electromagnetic spectrum [12–14]. Unfortunately, many of these models often have lacked critical
image corrections to obtain a more accurate estimation [11]; other works have considered radiometric
corrections to remove the optical effects and to retrieve a better water signal [15–19], although their
methods entails more complex procedures for the satellite imagery management.
Another complication affecting the empirical model calibration is the strong dependence on the
simultaneous (quasi-synchronous) satellite reflectance and ground-based data measurements (surface
reflectance and water quality parameters) with the satellite overpass; these temporary delays could
have implicit deviations derived from the water mass movement (spatial variations), decreasing the
model certainty. Previous studies advise of such temporary variations, solving them with the data
synchronization [13,20], others admit at least 1-day temporal delay [21–25]; however, the uncertainty
level associated with the spatio-temporal relationship is not accentuated in the most cases. Few studies
consider these factors in the model calibration; however, environmental and operational factors such as
cloudy sky, low quantifications of water compounds (no representative events), or a reduced number
of samples induce some model weakness [26,27].
The research related to shallow lakes has allowed an understanding of the interrelations among
their natural components, and their connectivity to the basin system, establishing the water quality
profile and its repercussions on the aquatic system. The discharge and displacement of sediments
into shallow lakes have been considered as the most important factors contributing to its ecosystem
balance; particularly, when the sediment resuspension is among the main regulatory process [5]. Two
mechanisms determine this process depending of the lake zone: (1) Along the coast, the action of the
waves mobilize the material deposited at the bottom of the water column; while (2) in the deeper areas,
currents induced by seiche oscillations represent the most important factor that controls that sediment
circulation through the water column [28–30]. Both mechanisms induce water turbidity, a physical
property that affects other natural processes. The turbidity in water diminishes the transparency by
the effect of light-scattering caused by organic or inorganic particulate material (e.g., phytoplankton
and mineral sediments, respectively), producing great impacts on river and lake ecosystems [1,31].
Therefore, the turbidity has special attention on programs of monitoring carried out by international
communities and institutions [32–35].
The present study aims to evaluate the effects of the temporal delays on the empirical model
certainty for turbidity, considering the advantages of the Landsat-8 images, its NIR-bandwidth
reduction, and the null organic matter incidence in these wavelengths. Daily and hourly delays were
assessed in the calibration process to estimate the output model prediction-related error. The models
Remote Sens. 2020, 12, 87 3 of 21
were calibrated with the ground-data taken from this study; while the official measurements of the
National Water Council (NWC) help to evaluate the model response. These results were compared
with the ground-based measurements modeled through geostatistical analysis; highlighting the
instantaneous horizontal turbidity configuration, and the high spatial resolution of the satellite-based
empirical model. Lake Chapala was used as a study case because of its ecological importance to
the west of Mexico. The results obtained in this study emphasize the importance of the data source
synchronization to obtain better model predictions.
2. Methods
2.1. Lake Chapala
Lake Chapala is the largest inland lake in Mexico, covering an area of ~1100 km2, with a length of
75 km and a width of 5.5 km approximately in the western sector and up to 20 km to the east (Figure 1).
The lake reaches its maximum capacity at the 1523.8 masl (relative level of 97.8 m established by the
Water Council of the State of Jalisco), it has an average and maximum depth of 4.5 and ~8 meters,
respectively; and a maximum volume of ~7900 Mm3 [36]. The lake was classified as one of the largest
and shallowest tropical-lakes in the world [37,38]. This lake has a hydrodynamic complexity that
favors the horizontal scrolling of long internal flows, with currents reaching average speeds between
2 and 30 cm s−1 caused by winds of 5 to 8 m s−1 [39–41], which are capable to move water masses
along some tens of meters or even more than 1 km per hour. The lake hydrodynamic involves a strong
component of spatial randomness associated with the temporal delays between satellite overpass and
in-situ information, which would affect the development of empirical models.
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The Lerma river is the main source of sediments and turbidity of the Lake Chapala. The river
belongs to one of the largest basins in the country, which has a surface of 47,116 km2 and a mean annual
surface runoff of 4742 Hm3 [42]. The Lerma river carries a great amount of solids generated by erosive
processes, mainly caused by poor management of soil resources [43,44]. The river also transports
contaminants from upstream towns to the lake due to the agricultural, livestock and industrial activities;
many of these eﬄuents are not treated and constitute a potential threat to the ecosystem of the lake and
further downstream [45,46]. La Pasión Creek is another important source of sediment, which causes
turbidity in the lake [47]. In its river catchment, extensive deforestation contributes to large-scale soil
erosion [48], producing large amounts of sediment to enter the lake.
Previous studies have characterized the clay turbid waters along the Lake Chapala, where the
high Total Suspended Solids (TSS) concentrations range between 13 and 420 mg L−1 [37,47,49]. It is
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a medium where the phytoplankton typically are light-limited, with low to moderate Chlorophyll
a (Chl a) concentrations, which commonly range in the order of 0.9 to 33.5 µg L−1 (11 µg L−1 on
average) [36,49–51]. Given these properties and taking the lake’s classification based on the biological
activity described by Chapman [1], Lake Chapala could be classified with a low to moderate eutrophic
degree, usually related to the presence of nutrients such as nitrates and phosphates.
2.2. Ground-Based Data
2.2.1. Information Sources
Two different data sources were used in this study. The ground data taken in this study helps to
calibrate the model approach; while, the dataset of NWC was used to evaluate the model estimations.
The council manages the national water monitoring network in Mexico, their Laboratory Consortium
measures a set of water quality parameters in 34 sites inside the lake (Table 1), having the Chl a,
TSS, and turbidity among the parameters of interest for this study. The NWC follows national and
international standards to the parameter determinations; in this sense, the Chl a measurement derived
from the extraction method 10200-H described in the American Public Health Association, APHA [52];
the TSS are determinate under the Mexican standard NMX-AA-034-SCFI-2015 procedures; while, the
turbidity determination follows the nephelometry method referred in the NMX-AA-038-SCFI-2001.
Table 1. Sampling sites in Lake Chapala.
National Water Council (NWC) This Study
Id Name Tag Id Name Tag Id Name Tag
1 Lake station 01 LS 1 18 Lake station 21 LS 21 0 Acueducto Ac
2 Lake station 02 LS 2 19 Lake station 22 LS 22 3 Chapala Ch
3 Lake station 03 LS 3 20 Lake station 23 LS 23 4 Ajijic Aj
4 Lake station 04 LS 4 21 Lake station 24 LS 24 5 Jocotepec Jc
5 Lake station 05 LS 5 22 Lake station 25 LS 25 6 San Pedro Sp
6 Lake station 06 LS 6 23 Lake station 26 LS 26 7 West W
7 Lake station 07 LS 7 24 Lake station 27 LS 27 8 Tuxcueca Tx
8 Lake station 08 LS 8 25 Lake station 28 LS 28 9 Tizapán Tz
9 Lake station 10 LS 10 26 Shoreline station A SE-A 10 Cojumatlán Cj
10 Lake station 11 LS 11 27 Shoreline station B SE-B 11 Center 2 C2
11 Lake station 12 LS 12 28 Shoreline station C SE-C 13 East E
12 Lake station 13 LS 13 29 Shoreline station D SE-D 14 Jamay Jm
13 Lake station 14 LS 14 30 Shoreline station E SE-E 15 Mezcala Mz
14 Lake station 15 LS 15 31 Shoreline station F SE-F 16 Center 1 C1
15 Lake station 16 LS 16 32 Shoreline station G SE-G 17 Santiago St
16 Lake station 17 LS 17 33 Shoreline station H SE-H
17 Lake station 20 LS 20 34 Shoreline station I SE-I
These parameters are measured at least two times in the year and the average values are published
since 2006 in the water quality website (http://sina.conagua.gob.mx/sina/); however, the most complete
and continuous time series have been identified only in the recent period (2012–2018). This data source
exploration together with previous studies [36,38,47,51] helped to understand the most common spatial
distribution of the water turbidity in Lake Chapala.
Besides in this study, two sampling campaigns were conducted to obtain information from Lake
Chapala. Two brigades simultaneously covered two different routes in Lake Chapala to measure the
properties of the water (Figure 1). The first sampling was carried out during the wet season of 2016
(September 6); while the second was held in the dry-warm season of 2017 (April 24). The field trip in
both campaigns had an approximate duration of 7 hours (between 10 a.m. to 5 p.m., local time). The
sampling was systematized obtaining a homogeneous spatial distribution of the sites; all the fifteen
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sampling sites were close to another established by the NWC (Table 1), therefore both data sources
similarly describe the spatial variations of the water parameters.
In Lake Chapala, the water transparency is attenuated at 30 to 50 cm depth [50], although it could
occur at 80 cm depth in some areas [51]. Since the water transparency decreases due to the matter
contents, the sampling depth becomes an important subject in the remote sensing of the water. In
this sense, all the samples were taken at 1 m depth to retrieve the greatest possible amount of energy
reflected coming from the upper level of the water column. The water samples were stored in 1-liter
amber bottles previously upgraded under laboratory conditions; during its translation, the samples
were isolated at a temperature <4 ◦C to preserve the in-situ properties of the water. The water samples
were measured by triplicate, and the mean value was taken for each parameter in all the sites.
The TSS was determined according to the standardized method for the water examination
described in section 2540-D (Physical and aggregate properties) of the APHA [52]. The water samples
were filtered by a 1.2 µm glass-fiber (Whatman GF/C, diameter: 21 mm) previously weighted and dried,
obtaining a residual mass of 200 mg; the residual matter was dried at ~103 to 105 ◦C during 1 h with a
lab oven (Quincy Lab. Inc, 40-GC model). The turbidity was determined using an optical method and
calibrated in terms of the Nephelometric Turbidity Unit (NTU); a scanner (Hach 2100AN-SI) measured
the light dispersion in the interval of 860 ± 10 nm taken into account the standard ISO 7027-1:2016.
This study assumes low Chl a concentrations only based on historical data.
The method used in this study for the TSS is the same as that used for the NWC, therefore, minimal
differences were assumed between datasets. On the other hand, the method used for the turbidity
in both cases follows the same optical technique, although the range of measurement (400–600 nm)
employed by the NWC implicates the spectral signal of some organic compounds.
2.2.2. Statistical Tests
The parameters of TSS, Chl a, and turbidity were subjected to a statistical evaluation to know their
distribution type. This step helps to conduct appropriated statistical tests to determine the primary
turbidity source in Lake Chapala. The water parameters were analyzed using the Shapiro-Wilks
test, this is one of the most strict tests to probe the normal distribution [53,54]. It was found that
all parameters lacked normal distribution; therefore, non-parametric tests were used to measure the
correlation degree among variables (Spearman’s ranks, r2), as well as the heterogeneity among dataset
(Mann-Whitney U, MWU). All the statistical tests were carried out with a significance of <0.05 referred
by the p-value.
2.2.3. Geostatistical Evaluation
These datasets also were subjected to a geostatistical analysis following Johnston et al. [55]. The
ordinary kriging was used as an interpolator for the map prediction given that this offered a better
approach; this model takes advantage of the spatial autocorrelations to estimate the effects of local and
regional behavior of the variable [56]. The map predictions were based on an empirical semi-variogram,
a linear estimator, and the unknown weights calculations. This unbiased predictor also lets us estimate
the probability and accuracy of the water parameters in the lake. Specifically, the quality of all the
prediction models was evaluated using two statistical parameters: the root means square standard error
(RMSE) help us to compare and choose the best fit model; while, the mean error (ME) evaluates the
accuracy of the model prediction. The probability to overcome the average values of every statistical
variable was estimated for the water parameters; while, the standard error (SE) was used to estimates
the spatial prediction uncertainty.
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2.3. Satellite Imagery
2.3.1. Turbidity and NIR Reflectance Relationships
The turbidity is mainly caused by particles of solid matter suspended in water; however, some
dissolved light-absorbing substances affect its quantification in the region of the visible spectrum
(VIS) [57,58]. Therefore, high-accuracy optical methods such the standard ISO 7027-1:2016 have been
implemented to quantify the analytical turbidity approach [59]; the method suggests the turbidity
quantification at the NIR wavelengths (860 ± 10 nm) to avoid the interference effects derived from
dissolved compounds in the water, recovering a sharper turbidity response.
On the other hand, the Landsat program developed by the National Aeronautics and Space
Administration (NASA) had assessed the status and evolution of natural resources. It has been a data
source for the remote sensing of the water and its constituents, including turbidity. The Landsat-8
satellite generates images of moderate spatial resolution (30 m), this platform has had several changes
that make it better than the previous versions; one of the most important for the turbidity analysis
is the bandwidth reduction in the NIR, from 772–898 nm (TM and ETM+) to 851-879 nm [60]. This
change implicates great advantages in the remote sensing of turbidity due to the adjustment to the
standard measuring range established by the ISO 7027-1:2016.
2.3.2. Surface Reflectance
The USGS uses the Landsat-8 Surface Reflectance Code (LaSRC) to generate Top of Atmosphere
(TOA) reflectance and Brightness Temperature (BT) images based on the calibration parameters of
the images and mathematical models [60]. The code proposed by Vermote et al. [61] also removes the
atmospheric and topographic effects based on the auxiliary data taken from MODIS and GTOPO5 to
improve the surface reflectance images (Collection 1 Level 2: C1L2, on-demand products); Additionally,
the LaSRC also reduces the bidirectional effect associated to the geometric relationships between the
Sun and sensor angles [62–64]. These images offer accurate measurements of the surface reflectance
held above the Earth’s surface, increasing the consistency and comparability between images taken
at different times [65]; therefore, their quality is much better than the conventional Landsat-8 level-1
images. Having this advantages, fourteen (C1L2) Landsat-8 multispectral images available to the Lake
Chapala (Table 2) were used to detect the water-leaving irradiance reflectance between March 2016
and September 2017 (Collection 1 Level 2, on-demand products from earthexplorer.usgs.gov); the
standardization of these products help us to carry out a temporal analysis with higher certainty.
Table 2. List of Landsat-8 images.
Id. Landsat-8 Imagery Date Id Landsat-8 Imagery Date
1 LC08-029046-20160330-01T1 30 March 2016 9 LC08-029046-20170317-01T1 17 March 2017
2 LC08-029046-20160501-01T1 1 May 2016 10 LC08-029046-20170418-01T1 18 April 2017
3 LC08-029046-20160602-01T1 2 June 2016 11 LC08-029046-20170504-01T1 4 May 2017
4 LC08-029046-20160720-01T1 20 July 2016 11 LC08-029046-20170504-01T1 4 May 2017
5 LC08-029046-20160906-01T1 6 September 2016 12 LC08-029046-20170605-01T1 5 June 2017
6 LC08-029046-20161125-01T1 25 November 2016 13 LC08-029046-20170723-01T1 23 July 2017
7 LC08-029046-20161227-01T1 27 December 2016 14 LC08-029046-20170909-01T1 9 September 2017
8 LC08-029046-20170128-01T1 28 January 2017
2.3.3. Spectral Improvement
Inland surface-waters absorb high proportions of solar energy, reflecting negligible quantities
to space; the energy reflected typically represents less than 10% of the total incoming energy [66].
The low-reflectance of the water involves important challenges to recover the optical response of its
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constituents, even when the image contains the Earth’s surface reflectance corrected by atmospheric
and topographic effects. Therefore, additional to the implicit corrections of the LaSRC products, two
complementary processes were used to improve the remote sensing of the water.
The first post-processing was focused on the delineation and confirmation of the water surface,
removing the clouds and cloud-shadows interferences. It is a simple pixel subtraction based on the
aerosol and pixel-quality assessment bands generated by the LaSRC; which identify the surfaces where
the physical and chemical aerosols-properties could produce strong perturbations on the VIS-NIR
surface reflectance [61]. The second post-processing was related to the sun-glint effect correction,
corresponding to the specular reflection from the upper side of the air-water interface to the satellite
detector; this effect is considered as one of the greatest factors affecting the quality and accuracy of the
water optical response after the atmospheric interference [67]. The sun-glint effect on the Landsat-8
images was attenuated with the use of a statistical method [17]. This method removes the noise
manifested at the VIS-wavelengths supporting on the NIR band. They assumed that water has a high
energy absorption capacity in the NIR, which produces a negligible light dispersion coming from
different levels of the water column or the signal from the bottom.
In this study, the NIR band used by Lyzenga et al. [17] was replaced by the SWIR-2 band (2107–2294
nm). It has proved that the NIR-reflectance is not the best band to carry out the sun-glint effect correction,
given its capacity for retrieving the optical response of suspended matter in turbid waters [67–69];
where a noise signal caused by moderate concentrations could produce major uncertainties or the
light-saturation effect in the NIR-reflectance during the correction process [15]. Instead, the SWIR
reflectance has been proposed as a better way to reduce the backscattering light effect [70]; where the
extinction coefficient of the water (clear or turbid) is the highest and its refraction index is lower than
other wavelength regions within the solar spectrum of ~400–2500 nm [71]. Previous studies have used
the spectral response of the water in the ranges of 1240 to 2130 to improve the radiometric analysis
upon coastal zones or rivers, allowing good approaches [72,73]. Given such advances, the Lyzenga’s
method based on the Landsat-8 SWIR-2 band has also improved the sun-glint correction in the NIR
band, which was used to retrieve the water turbidity.
3. Results
3.1. TSS-Turbidity Correlations
3.1.1. Factor Assessment
A multiple-variable analysis was carried out to identify the parameter (TSS or Chl a) which drives
the variability of the water turbidity. A set of 218 paired samples from 34 NWC-sites exposed that
the turbidity-TSS covariate better than the turbidity-Chl a ones. Both, TSS and Chl a had a significant
relationship with the turbidity (p = 0.0 in both cases); however, the Spearman’s coefficient indicated
that the TSS had a moderate correlation with the turbidity (r2 = 0.49), better than the Chl a (r2 = 0.31)
(Figure 2). Based on these results, the TSS was recognized as the main factor controlling the water
turbidity in Lake Chapala.
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Consequently, a sharp geostatistical analysis was focused on the TSS and turbidity to evaluate
their spatial behavior, considering their mean and maximum values. The quality of the TSS and
turbidity spatial predictions were sustained on the best fit model forecaster, ensuring their high quality
through RMSSE close to the reference value (1.0) (Figures 3 and 4). The accuracy of the obtained
models was very close to the reference value (ME = 0.0), except for the maximum TSS concentrations,
which showed a high value (0.402). While, the model prediction uncertainty was the lowest among
the mean values of both water parameters (SE < 8%) in almost all the lake; opposite to the maximum
values with uncertainties higher than 30% up to 100% for TSS, and 10 to 30% for turbidity.
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3.1.2. Geostatistical Analysis
The basic statistics of the 34 sites rev l that the annual mean TSS concentrations during the period
2012–2018 were in the range of 11 to 262 g L−1 (av rage: 48 mg L−1); while the annual maximum
v lues wer between 11 and 475 mg L−1 (average: 140 mg L−1). The concentrations were in the same
order to those reported by the official sou ce to the period 1974–1997 when the mean values ranged
between 23 and 144 mg L−1 (averag : 41 mg L−1) and the maximum reachi g up to 402 mg L−1 [47].
T analysis ndicates the mean TSS concentrations increase o the eastern end of the lake; in thes
areas, the probability to overcome the annual average values indicates that it would be higher than
90% in the coming short-term (Figure 3a–c). The maximum TSS values have been higher along the
eastern shoreline and the center of the lake, where the probability to overcome the annual average
values is higher than 90%. The general spatial distribution indicates that the punctual concentrations
have remained higher in the eastern side, at least during the recent years. Notwithstanding, the natural
high-statistical scattering of the maximum TSS values produced spatial randomness, inducing a biased
model-prediction with a ME much higher than the expected value (~0.0). Such deviations had affected
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the model certainty manifested by high SE-values along the lake (SE > 30%), which increases as we
move away from the sampling site (Figure 3d–f).
On the other hand, the annual mean turbidity quantifications were in the range of 11 to 147 NTU
(average: 35 NTU), and the maximums between 32 and 190 NTU (average: 79 NTU); all in accordance
with previous studies [50,74]. The geostatistics reveals that the mean and maximum values of turbidity
have a gradient increasing to the eastern side (similar to the mean TSS). The maximum turbidity has
been higher in some places along the south and northern shoreline, where the probability to overcome
the average value is higher than the 90%; unfortunately, the SE has been of the order of 15–25%, higher
than the expected value; reducing the model certainty at the eastern side of the lake (Figure 4).
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distribution of the standard error. Concerning to the turbidity quantifications: (d) Prediction map,
(e) Probability to overcome the average values, and (f) Spatial distribution of the standard error.
3.2. Analysis of the Ground-Based Measurements
The NWC-dataset confirms the TSS concentrations represent the primary turbidity source in
Lake C apala in recent years. Therefore, the TSS and turbidity ground-based data obtained in this
study were an lyzed to establishing direct relationships with the water-leaving irr diance reflectance
from the lak , necessary to th empirical model dev lopment. Then, a previous statistical assessme t
was carried out to identify sea onal r spatial variations, this is to ensure major c rtainty for the
model calibration.
Spatial and Seasonal Behavior
The MWU-test was used to compare datasets between seasons and zones of the lake. The TSS
concentrations observed in both season range between 135 and 342 mg L−1. The MWU-test showed no
significant differences (p = 0.130) between the median values of the seasons (spring and summer-fall);
however, it was found that the TSS were highest on the eastern side considering the total samples
(p = 0.00002) or taking into account the samples separated by season (p = 0.001) (Figure 5a). On the
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other hand, the turbidity ranges between 18.9 and 163.0 NTU; the MWU-test showed no significant
differences (p = 0.29) between the median values of the spring and summer-fall seasons, suggesting the
turbidity levels were similar for both seasons. The same analysis was conducted to identify differences
among zones; considering the data of both seasons, the turbidity quantifications were higher on the
eastern side (p < 0.001). However, the test applied for each season showed significant differences
(p = 0.007) among zones in the summer-fall season; while in the spring season, the differences were
absent (p = 0.105), despite the great turbidity quantifications observed in some eastern sites (Figure 5b).
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Taking into account the non-normal data distribution, similarities of the TSS and turbidity
variations between seasons or areas of the lake were explained by the level association determined
by the Spearman’s test (r2 = 0.51, p < 0.5). They were in accordance with the NWC dataset, which
suggests a direct relationship between TSS and turbidity; but also highlighting the eastern side of the
lake as the area of the major TSS concentrations and turbidity quantifications. Given these results,
the fifteen sites considered in this study were used to calibrate the remote sensing-based model for
turbidity; therefore, second-order polynomial regressions were employed to the model calibration
between the NIR-reflectance and turbidity, obtaining a seasonal approach of the water turbidity in
Lake Chapala. On the other hand, the NWC dataset was used to evaluate the model response.
3.3. Spectral Analysis
3.3.1. Sun-Glint Effect Removal
The sun-glint correction (SGC) applied to the fourteen Landsat-8 images enhanced the response
from the water-leaving irradiance reflectance in Lak Chapala. From this d tas t, two images
corresponding to the survey tes were used to show the advantages of spectral improvement. The
first was taken during the summer-fall season (06 September 2016), it was a quired the sa day of
the field s mpling; whil , the other was taken at the spring season (18 April 2017), six days before
s cond sampling date. This procedure allowed the balance of radiometric data in the VIS-NIR
r gion, attenuating the reflectanc s plus of the sun-glint effect from the water surface described
by Kay et al. [67]. T mov l of the s n-glint effect was statistically manif sted in the histogram
redistribution; the typical negative-skewness or bimod l frequency arrangement observed in L ke
Chapala before the SGC was adjusted to a quasi-nor al distrib tion, equ lizing all data (Figure 6a–d).
Special attention deserves the NIR and Red bands of the two contemporaneous L nds -8 images
with the ground-based data. After the SGC, the image on 6 September 2016, exposed skewed histograms
of the bands with a benched form along with the higher values, opposite to the image taken on 18 April
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2017. These graphical benches corresponded to the water response related to sediment discharge
events into the south and eastern side of the lake (Figure 6e,f).Remote Se s. 2019, 11, x FOR PEER REVIEW 11 of 21 
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3.3.2. Reflectance Retrieved from the Turbid Water
After the SGC, the water-leaving irradiance reflectance obtained from NIR-band f the fourteen
Landsat-8 images was assesse taking into account the geographical position of the 34 sites from
the NWC and 15 sites from the present study. It was found that the bulk of the refl ctance values
varied i the range of 2.5 to 8.5% (almost all into the first or er). The an lysis of variance of the
r flecta ce showed that there were no sig ific nt differences among the medians of the 49 sites (p
= 0.947) (Figure 7). Despite such similarities, the reflectance was slightly higher and more variable
besides the Lerma River and La Pasión Creek (Tz. Jm, St, E, LS 22, LS 25, LS 26).
Remote Sens. 2019, 11, x FOR PEER REVIEW 11 of 21 
 
 
Figure 6. Spectral histograms of the VIS-NIR-SWIR surface reflectance from Landsat-8: (a) 
corresponds to 6 September 2016, (b) corresponds to 18 April 2017. Histograms after the sun-glint 
correction (SGC) procedure: (c) for image taken on 6 September 2016 and (d) for image taken on 18 
April 2017; water-leaving reflectance after the SGC: (e) 6 September 2016, and (f) corresponds to 18 
April 2017. 
Special attention deserves the NIR and Red bands of the two contemporaneous Landsat-8 
images with the ground-based data. After the SGC, the image on 6 September 2016, exposed skewed 
histograms of the bands with a benched form along with the higher values, opposite to the image 
taken on 18 April 2017. These graphical benches corresponded to the water response related to 
sediment discharge events into the south and eastern side of the lake (Figure 6e,f). 
3.3.2. eflecta ce etrie e  fro  t e r i  ater 
fter t e S , t e ater-lea i  irra ia ce reflecta ce obtai e  fro  I -ba  of t e fo rtee  
a sat-8 i ages was assessed taking into account the geographical position f the 34 sites from the 
NWC and 15 sites from the present study. It was found that the bulk of the reflectance values aried 
in the range of 2.5 to 8.5% (almost all into the first order). The analysis of variance of the reflectance 
showed that there were no significant differences among the edians of the 49 sites (p = 0.947) 
(Figure 7). Despite such similarities, the reflectance was slightly higher and more variable besides 
the Lerma River and La Pasión Creek (Tz. Jm, St, E, LS 22, LS 25, LS 26). 
 
Figure 7. Analysis of variance of 49 the sampling sites into Lake Chapala. Tag-descriptions are listed 
in Table 1, and locations in Figures 1 and 2. 
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Table 1, and locations in Figures 1 and 2.
On the other hand, temporal changes of the NIR-reflectance showed an inter-annual variation.
The statistical analysis indicates significant differences among the NIR-reflectance at distinct dates
(p = 0), highlighting seasonal contrasts (Figure 8). The highest reflectance values of the summer season
exceed the maximum limit of ~5% observed in the other seasons (Figure 9), becoming heterogeneous
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and more variable measurements among sites. They are opposite to the lowest reflectance values of
the winter.
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3.4. Empirical Models for Turbidity
3.4.1. Calibration
Given the seasonal variations of the water-leaving-irradiance reflectance from the sub-surface
level of the lake, wide ranges of values are required to consider all the possible values in the process
of the model calibration; unfortunately, the coverage of the ground data was limited to a pair of
sampling dates per year, restricting the temporal analysis to the sampling dates. In this sense, the
model calibration was based on correlation functions between the NIR-reflectance and turbidity to
obtain a seasonal approach of the water turbidity in the lake. Several functions were carried out to
looking for the best empirical model, five images in the period March-2016 to September-2017 were
identified close to the dates of the NWC and this study on-field data; six models were established
between the contemporary data sources (Table 3). Almost all models followed a non-linear form
(second-order polynomial), except for those carried out with the image taken on 4 May 2017 (linear).
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Table 3. Elements and criteria to carry out the model calibration.
Landsat-8 Imagery Date Survey Data Temporal DelayRange
Field
Samples (n)
Type of
Correlations
r2, p-Value
(Reference, p < 0.05)
LC08-029046-20160602-01T1 2 June 2016 7–13 June 2016(NWC) Daily 15 sites
Polynomial
(2nd order) 0.24 (0.1932)
LC08-029046-20160906-01T1 6 September 2016 6 September 2016(TS) Hourly 15 sites
Polynomial
(2nd order) 0.73 (0.0004)
LC08-029046-20170418-01T1 18 April 2017 24 April 2017(TS) Daily 15 sites
Polynomial
(2nd order) 0.70 (0.0007)
LC08-029046-20170504-01T1 4 May 2017 24 April 2017(TS) Daily 5 sites Lineal 0.92 (0.0101)
LC08-029046-20170504-01T1 4 May 2017 2–7 May 2017(NWC) Daily 8 sites Lineal 0.63 (0.0185)
LC08-029046-20170909-01T1 9 September 2017
28 August/
6 September 2017
(NWC)
Daily 31 sites Polynomial(2nd order) 0.49 (0.0001)
Notes: National Water Council (NWC); This study (TS).
The analysis of variance indicates that the functions based on the NWC data had a statistically
significant relationship (except for June 2016); nevertheless, their relationships were the weakest among
all (r2 < 0.63) (Table 3). The relationship between the image taken on May 4 and the NWC-survey data
of 24 April 2016, stands out as the better relationship (r2 = 0.92); unfortunately, the models associated
with this image were omitted of the model-construction process, due to after the SGC process only a
limited lake surface was free of the sun-glint effect; consequently, a small number of sampling sites had
a good correspondence with the NIR-reflectance estimations. Instead, the functions based on this study
had strong relationships (r2 > 0.70), explaining a non-linear behavior between the NIR-reflectance and
turbidity (Figure 10).
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were chosen to calibrate the empirical models for turbidity (Equation (1) for the summer-fall season,
Equation (2) for the spring season).
TurbidityNTU =
−(6× 10−4)
√
(6× 10−4)2 − 4(−2× 10−6)(0.0306− ρNIR)
2(−2× 10−6) (Summer–fall) (1)
TurbidityNTU =
−
(
7× 10−4
)√
(7× 10−4)2 − 4(−4× 10−6)(0.02− ρNIR)
2(−4× 10−6) (Spring) (2)
The equations take the coefficients derived from the non-linear functions, considering the NIR
reflectance (ρNIR) as the variable which determines the turbidity estimation.
3.4.2. Validation
The model validation was carried out to know their prediction capacity; therefore, the Equations (1)
and (2) were applied to the Landsat-8 images taken close to the NWC surveys dates (9 September
2017, and 4 May 2017, respectively, Table 3). It was found that the turbidity estimations derived from
Equation (1) and Equation (2), explained the 59 and 70% of the NWC-turbidity variation respectively
(Figure 11a).
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The model for the spring season estimated the water turbidity with the major prediction capacity
(70%). These values were acceptable; however, such results were limited to a small lake surface, leaving
them linked to a high dependence on the limited number of sampling sites. Otherwise, the model for
the summer-fall season estimates the turbidity in a larger surface based on a major number of sampling
sites (31 of 34). Its prediction capacity on the image taken in 2017 (September 9) was low to moderate
(~60%) with a root mean square error (RMSE) of 23.6%; a similar RMSE (21.6%) obtained from the
prediction carried out on the image taken on 6 September 2016.
Independently of the model adjustment, the location, the magnitude, the turbidity deviations
between the model and the NWC and this study measurement were manifested as important model
overestimations, which were of the order of two times itself turbidity value in some sites (Figure 11b).
4. Discussion
4.1. The Principal Turbidity Sources
The historical NWC data have shown TSS is the primary source of turbidity instead of the Chl a in
Lake Chapala; such results led us to evaluate the TSS-turbidity relationships. The TSS and turbidity
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expose a similar spatial distribution; especially the mean values, which in both cases are sustained
by the low standard error (less than 8%) in almost all the lake. The high certainty-percentage in the
mean values of TSS and turbidity gives strong support to their spatial behavior; which explains the
predominant sediment contribution of the Lerma river at the eastern side [36,74]. On the other side, the
maximum values of both parameters exposed moderate to high uncertainties of the model prediction.
Despite the high SE, it could be interpreted as normal spatial uncertainty due to the maximum values
are related to low-frequency events which become especial cases, but also possible in the medium term,
like in the case of the concentrations measured on 6 September 2016, and 24 April 2017.
4.2. Advantages and Challenges
The development of empirical models was based on the conventional methodology described by
Matthews [11]. Two field surveys carried out in this study exposed spatial and seasonal conformity
respect to the NWC turbidity quantifications on the same seasons; such similarities were fundamental
to provide support to the model assessment, especially when the model validation was based on
both datasets.
Otherwise, the Landsat-8 images represent the other data source; they were reviewed before
the calibration procedure. The scientific community has improved methodologies to overcome the
atmospheric interference at different satellite platforms [15,18,19,68,69,75]; nevertheless, the individual
efforts do not ensure the image standardization to generate spectral analysis with comparable satellite
scenes through the time, such as the surface reflectance approach of the Landsat constellation. The
LaSRC proposed by Vermote et al. [61] and applied to the Landsat products involves great advantages
for improving the surface reflectance measurements (with minimal environmental interference) but
also facilitating the data management. This becomes an invaluable resource that we used to carry out a
better approach in the turbidity estimations.
A secondary post-processing procedure was applied in fourteen Landsat-8 images (period March
2016 to September 2017) to enhance the retrieval of the water turbidity. The SGC method described by
Lyzenga et al. [17] further improved the quality of the LaSRC surface reflectance images respect to
optical artifacts at the water surface, normalizing the water-leaving irradiance reflectance response.
This method cleared the way to carry out subsequent stages of processing to monitoring the permanent
water turbidity that predominates in the lake [74], or the assessment of eventual clay discharges to the
lake without the sun-glint.
These methodological improvements contribute to enhance the model response, but other factors
are affecting the model construction. The LaSRC has solved geometrical artifacts [64,65] related to the
bidirectional reflectance effects; however, the NIR-reflectance showed temporary variations, which
are most likely associated with the incoming solar energy. In this case, the water-leaving irradiance
reflectance showed an annual cyclical-pattern through the period 2016–2017, with higher percentages
of reflectance during the rainiest months, and the lowest reflectance in the winter season. Particularly,
the water-leaving irradiance reflectance in the spring and summer-fall seasons would be interpreted
as the same; however, every season has different climatic conditions. The seasonal variations and
similarities of the NIR-reflectance follow a normal behavior that matches with the incoming solar
irradiation temporal pattern in this region, which is characterized by normal increases in the summer
season [76]; nevertheless, the temporal randomness of the rain and cloud cover distribution affects the
normality of the solar irradiation availability on the water surface. Therefore, each turbidity model
was limited and probed upon image taken in the own season and close to the ground-sampling dates.
4.3. Time Delays Implications
The empirical models tend to have a limited ability to distinguish the signal of different covariant
water parameters [11]; however, in the case of water turbidity, the optical interferences among
organic and inorganic compounds in the NIR range become minimal or null [59]. This approach
gives us the advantage to retrieve the water response without the absorption effect produce by the
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Colored Dissolved Organic Matter (CDOM); nevertheless, the findings derived from this study lead
us to suggest the temporal delays as the main factor inducing the model uncertainty. Since the
empirical model construction strongly depends on the high level of synchronization between the
sampling and satellite overpass, as well as a great number of ground-based data to the calibration, it is
reasonable to understand the moderate model approach, even when the calibration was related to
hourly temporal delays.
In light of the findings, we can say that temporary variations (seasonal, daily or hourly) become
a determining factor, indicating that a single empirical model would be deficient to explains the
turbidity variations along the year, especially when limited number of dates were considered to its
construction. Instead, an empirical model seems to be a reasonable alternative to explain the water
turbidity in a particular season. More important is the fact of having synchronized satellite and field
measurements to reduce the model calibration uncertainties. The obtaining of the broadest range of
possible synchronized turbidity measurements into the lake would lead us to build a robust empirical
model, enough to improve accurate turbidity diagnoses.
4.4. Model Interpretations
The empirical model turbidity for the summer-fall season (Equation (1)) offers a great opportunity
to understand the hydrocyanic complexity in Lake Chapala. Despite its uncertainty, the empirical
model applied to the images corresponding to September of 2016 and 2017 showed detailed spatial
turbidity changes better than the geostatistical approach (Figure 12). The two model approaches draw
a similar spatial distribution of the turbidity. Nevertheless, their estimations are exposed to different
spatial resolutions, giving two different perspectives about this water parameter.
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(a) Geostatistical model prediction based on this study measurements, (b) Empirical model estimated
with Equation (1) and Landsat-8 for 6 September 2016, (c) Geostatistical model prediction based
on NWC measurements, and (d) Empirical odel estimated with Equation (1) an Landsat-8 for
9 Septe ber 2017.
The geostatistical models expose great surfaces without significant changes along to large
distances; the e models charact rize a low horizontal gradient among the normal and atypical
turbidity quantifications, hiding he steeped changes of turbi ty in sh rt distances, its sources, and
the pathway through the lake. While the empirical model offers an ins antaneous perspe tive of
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the continuous medium, allowing the recognition of the turbidity horizontal-changes every 30 m.
These model-advantages helped us to identify the sharp turbidity change above the 30 NTU in a
strip extended along the east, southeast and northeast areas of the lake (Figure 12b,d). This spatial
feature identifies a transitional boundary where the horizontal gradient of turbidity abruptly begin to
increase in the east direction; dividing the lake turbidity in two great areas, the first at the center and
western side with low turbidity (less than 30 NTU), and the second with high turbidity values (up to
~150 NTU) along the shoreline and the deltaic structure of the Lerma river in the eastern side of the lake.
Particularly in the last area, the model highlights the clay sediments-related turbidity from discharges
of the main rivers, as well as increases in the water turbidity along the shoreline adjacent to the largest
population centers, which are located around the lake where important industrial, agricultural or
tourism activities are very common (Figure 1).
The causes of the high turbidity in the eastern side of the lake are beyond the aims of this study;
however, our preliminary result would provide some insights to understand the water dynamics
and the factors inducing turbidity in Lake Chapala. We could say the high turbidity values on the
eastern side mainly appears to be determined by river discharges. Several sediment plumes were
detected with the empirical model, arising hydrodynamic features of the lake. The model exhibits
the origin of currents from the Santiago river, highlighting changes in the natural direction of the
water flow explained by Fernex et al. [77]. Other currents were detected from the Lerma River and
La Pasión Creek, evidencing the extensive erosion processes generated in their catchments and the
sediment transport to the lake [45–47]. However, the finding of the spatial strip along the eastern side
of the lake suggests that high turbidity values in this area furthermore respond to other factors that
produce a sudden increase in the horizontal rate of turbidity values at short distances. The shallow
waters enclosed into a couple of cove beside the Lerma-outlet house the higher turbidity values; their
shoreline morphology and the bathymetry related to the deltaic structure in this area appears to be an
appropriate environment in which the water column height, physical phenomena such as the vertical
temperature gradient, internal waves movement and the wind shear-stress [39,40] induce the higher
turbidity into the lake.
The satellite approach and the improvement of empirical models become complementary
alternatives to monitoring the water turbidity; in this case, the satellite-based model contributes
to display an instantaneous image of the spatial pattern of turbidity in Lake Chapala. Nevertheless,
more research should be done to improve more robust empirical models to get major predictability on the
water assessment; and consequently, to reach a better capacity to elucidate the influence of environmental
factors on the turbidity into the lake, such as the lake morphology or water hydrodynamic.
5. Conclusions
The high quality of the LaSCR surface reflectance images from Landsat-8 further was improved
with a statistical algorithm to remove the sun-glint contamination in the VIS-NIR region. These
image improvements lead us to retrieve the water turbidity from the lake with greater accuracy. A
set of fourteen images taken along the inter-annual cycle 2016–2017 were processed to develop a
suitable empirical model for turbidity in Lake Chapala (Mexico). Several models were tested on the
water-leaving irradiance reflectance from the NIR band and in-situ turbidity relationships. It was
expected a strong empirical model calibration based on the field information; however, most of the
relationships were weak. All of them were associated with daily delays and a small number of sampling
sites; while, few functions showed an appropriate adjustment, among them a model based on hourly
data, exposing the better empirical approach to predict the turbidity only for the summer-fall season.
Some interpretations derived from this model suggest that in addition to the river discharges,
the hydrodynamic and morphologic features induce remarkable turbidity in the eastern side of the
lake, all following the historical records. Moreover, the instantaneous images derived from the model
depict the complexity of the water movement patterns in the lake, which involve a strong component
of spatial randomness inherently associated with the temporal delays, contributing to the model
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deviation. Therefore, a strong empirical model should be based on a great number of sampling sites
and dates synchronized with the satellite overpass to explain the turbidity and its impacts in dynamic
and shallow aquatic environments of subtropical zones such as Lake Chapala.
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